Purpose: To investigate a method to classify tissues types for synthetic CT generation using MRI for treatment planning in abdominal radiotherapy.
| INTRODUCTION
MR images have better soft tissue contrast than CT images; however, they are not often used alone in a radiation therapy workflow since the lack of electron density information precludes heterogeneity correctionsa part of the standard of care in treatment planning. The uncertainties introduced in the registration process of MR images with CT images affect the accuracy of treatment target delineation, and therefore affect treatment quality. To streamline the workflow by implementing MRI alone in the planning process, several methods have been proposed for generating synthetic CT from MRI in various body sites. These methods have been reviewed comprehensively by Edmund and Nyholm, 1 Johnstone et al, 2 and Owrangi et al. 3 Previous studies have shown promising results in terms of synthetic CT quality, and demonstrated the potential of using MRI alone in the workflow for head [4] [5] [6] [7] [8] [9] [10] and pelvis [11] [12] [13] [14] [15] radiation therapy.
Despite encouraging results in head and pelvis, few studies investigated the potential of using MRI alone in the abdomen. Bredfeldt et al 16 presented a shape-aided intensity-based tissue classification method using a single imaging sequence to generate synthetic CT and showed its feasibility for liver stereotactic body radiotherapy (SBRT) dose calculations. Guerreiro et al 17 used an automatic atlas-based segmentation of tissue classes followed by a voxel-based MRI intensity to Hounsfield unit (HU) conversion algorithm and showed its feasibility in photon and proton dose calculations for treating children with abdominal tumors. Liu et al 18 used a three-dimensional (3D) cycle-consistent generative adversarial network (cycle GAN) to generate synthetic CT for liver proton therapy. The methods that require MR to be registered with CT as a training dataset may be difficult for abdomen due to geometric distortions and motion artifacts.
This study aims to investigate the feasibility of a synthetic CT method using a single MR imaging sequence and to evaluate the segmentation accuracy of the proposed method and its dosimetric effect for abdominal radiotherapy. To avoid potential geometric differences between CT and MR images in the abdomen due to geometric distortion of the MRI, internal organ motion, and setup uncertainty, we compared tissue segments generated from the proposed method with manually contoured segments on MR images.
Bulk density assignment using population-based HUs, shown to be appropriate by a previous study, 19 was applied to these tissue segments to evaluate the dosimetric effect of segmentation accuracy. 
| ME TH ODS AND MATERIALS

2.A | Image acquisition
2.B | Tissue classification for synthetic CT generation
Our method utilized tissue characteristics present in MR images to classify tissues and assigned electron density to each tissue type.
The method used a fuzzy c-means (FCM) clustering algorithm with a spatial constraint, which was described by Hsu et al 20 
2.B.1 | Image preprocessing
All MR images were corrected for residual intensity non-uniformity using a commonly applied post-processing bias-field correction algorithm (N4itk) 21 CT number range, which were further partitioned into lungs, air, and spine and described in next two sections.
2.B.3 | Air and lung localization
To identify the lung segment, the intensity thresholding was first applied on in-phase images using the threshold value acquired from
Otsu's method in section 2.B.1 to segment low intensity voxels which mostly belonged to lungs, air, or solid bone (e.g. ribs). Given that the size of air pockets and solid bone was much smaller than the size of the lungs, small objects in the segment with an area smaller than 3500 voxels in each two-dimensional (2D) image were removed. Therefore, only voxels in the lungs were preserved. Then a 3D region growing technique with seed points in the lung mask on in-phase images was utilized, followed by morphological cleanup. To identify the air segment, morphological erosion was applied on the low intensity segment that excluded lungs, and followed by region growing and morphological cleanup.
2.B.4 | Spine localization
Our method primarily attempted to distinguish spine from other tissues, so ribs were ignored and classified as a mixture of high-density tissue and fat. To localize the spine, a spine mask was first created based on its spatial location and dimension inside the body. Next, the spine mask was modified by removing voxels that also belonged to air, lungs, and fat, followed by a morphological opening to preserve bone marrow only. To keep the spinous processes, a solid bone mask was created simultaneously during the process for air and lung localization. Then, a 2D region growing technique with seed points in the bone marrow and solid bone masks was performed with intensity and distance constraints. The spinal cord was identified and removed from the spine mask based on its spatial location and cylindrical shape. Figure 3 shows the process for spine localization.
2.B.5 | Class property assignment to the probability image volumes for synthetic CT generation
Because the second class was further classified into air, lungs, and spine, five probability image volumes were generated to represent air, lungs, spine, fat, and high-density tissue. Population-based HUs from our previous study were then applied to these five tissue classes: −1000 HUs for air, −708 HUs for lungs, −89 HUs for fat, 39 HUs for high-density tissue, and 354 HUs for spine. 19 The sum of probability-weighted HUs in each voxels yielded the synthetic CT ( Fig. 4 ). operators to subtract other segments (i.e., fat, air, lungs, and spine) out of the body. The body contour was the same as the one created from auto-segmentation in section 2.B. In addition, the spine contouring process was processed by another observer to evaluate inter-observer variations, and to study the impact of its segmentation subjectivity.
2.C |
2.C.2 | Contours of simulated targets
Three spherical clinical target volumes (CTVs) with a 2 cm radius were generated on MR images for all volunteer subjects. A 5 mm margin was applied symmetrically to the CTV to generate a planning target volume (PTV). The first target was centered at the upper abdomen adjacent to the lungs (CTV lung and PTV lung ), the second target was adjacent to the air pockets (CTV air and PTV air ), and the third target was approximately in the midline of the abdomen adjacent to the spine (CTV spine and PTV spine ) ( Fig. 5 ). 
2.D |
where the sum of w i is equal to 1. The maximum S for the best segmentation is 1.
2.D.2 | Dosimetric effect of segmentation accuracy
The population-based HUs (as described in section 2.B.5) were assigned to the five tissue segments that were generated from automatic segmentation after defuzzification and manual contouring. This 3 | RESULTS Figure 6 shows the contours of the tissue segments generated manually and automatically. lungs, and high-density tissue, which had better segmentation accuracy. Due to the laborious process of contouring the spine, spine contours were compared between two independent observers. The Dice coefficient for spine contours between two observers drawing on MR images was 0.95 ± 0.02 and the mean Hausdorff distance was smaller than 0.5 mm for all volunteers.
3.A | Geometric comparison
3.B | Dosimetric effect of segmentation accuracy
The impact of segmentation accuracy on dose calculations was evaluated for three different target locations that were adjacent to lungs, spine, and air (Table 2) . Generally, the calculated dose to targets on r MRCT generated using manual segmentation was lower than the dose on d MRCT using auto-segmentation. The difference for all target locations and volunteers was 0.2% ± 0.2%, with a maximum difference of 0.8%. No dosimetric difference was observed between target locations.
| DISCUSSION
In this study, the segmentation accuracy of our proposed method in generating synthetic CT was evaluated in the abdomen, and the T A B L E 1 The volume from manual segmentation, volume ratio of auto-segmentation to manual segmentation, Dice coefficient, and Hausdorff distance (mm) for air, fat, lungs, high-density tissue, and spine for five volunteers. The weighted Dice coefficient for all segments is also shown. weighted Dice coefficient was found to be between 0.914 and 0.955 for the five volunteer subjects. In addition, the impact of segmentation accuracy on dose calculations for target locations adjacent to lungs, spine, and air was evaluated and found to be within the clinically acceptable range, with a mean difference of 0.2% and a maximum difference of 0.8% in target coverage.
The segmentation accuracy was the worst for air, with a Dice coefficient of 0.24-0.83 and a Hausdorff distance of 3-29.1 mm.
However, due to its small volume, the dosimetric effect was not critical. For spine segmentation, the Dice coefficient was 0.76-0.79 while the Hausdorff distance was 1.2-1.4 mm. Spine segmentation was the most challenging step in automatic segmentation on MR images because the signal in solid bone was really low and it could not be easily separated from air. In addition, the contrast of bone marrow was not sufficient to be completely separated from other tissues using the imaging sequence in our study. Misclassification was observed in the spine and the neighboring area; however, its dosimetric effect was not critical when using two full arcs on the target close to spine. Improving MR imaging contrast and spine localization accuracy would improve the quality of synthetic CT, and may be more critical when using synthetic CT for dose calculations in spine metastasis cases. Regarding the remaining tissue segments, the Dice coefficient was higher than 0.84 and the mean Hausdorff distance was less than 1.6 mm. Because the volume of these tissue types was much larger than air and spine, the dosimetric accuracy was found not to depend on target locations.
When manually contouring different tissue segments, there was a small uncertainty that resulted from the process in intensity thresholding and observer judgment. This may cause misclassification between high-density tissue and other tissue segments (e.g., fat) because the high-density tissue volume was acquired by subtracting the other four tissue segments from whole body volume. This may explain why the volume ratio was larger than 1 for high-density tissue and smaller than 1 for fat. The inter-observer variation was within 5% based on the Dice coefficient on the spine segment. The uncertainties in the process of manual contouring would have a minimal effect on the evaluation of segmentation accuracy on dosimetry in our study.
The segmentation accuracy using the proposed method resulted in a mean dose difference of 0.2% for target coverage when using VMAT in the abdomen. Using population-based HUs on five tissue segments resulted in a mean difference of 0.1% for target coverage according to our previous study. 19 The dosimetric uncertainty caused by MRI geometric distortion only was~0.5% when the distortion was 3 mm. 22 Therefore, the combined uncertainty of distortion, segmentation accuracy, and population-HU assignment is estimated to be~0.6%. This result indicates that the dosimetric accuracy is clinically acceptable and demonstrates the potential of using MRI alone for treatment planning in the abdomen.
The proposed method only used one single MR imaging sequence, which minimizes the uncertainty of movement between imaging sequences and therefore improves the quality of synthetic our results were within the same order of magnitude. Our method is similar to the method presented by Bredfeldt et al. 16 The main difference is that the authors applied a vertebral body shape model which separated bone from air but ignored spinous processes, while our method used the intensity thresholding, areas, and spatial locations of the spine and kept the spinous processes. However, the dosimetric effect of spinous processes was negligible because their reported dosimetric accuracy was~0.3% although their comparison was made on synthetic CT vs. true CT.
To evaluate segmentation accuracy, the probability maps generated from the proposed method were defuzzified so the information of intensity variations in the voxels disappeared. Future work will optimize the parameters in the clustering algorithm to retain tissue characteristics within each voxel, and dosimetric accuracy will be evaluated by comparing synthetic CT with true CT in a large patient cohort. In addition, a comparison with other available methods is warranted.
| CONCLUSION
A method to classify different tissue types for synthetic CT generation in the abdomen was developed, and segmentation accuracy and its dosimetric effect were evaluated. The segmentation accuracy in the air segment was worse than the other tissue segments (i.e., fat, lungs, high-density tissue, and spine). The Dice coefficient was higher than 0.76 and the mean Hausdorff distance was less than 1.6 mm for all tissue segments except for air. The mean dose difference for target locations close to air, lungs, and spine was 0.2%, with a maximum difference of 0.8%. Our results demonstrate the potential of using MRI alone for treatment planning in the abdomen.
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